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Abstract—Most of present molecular descriptors just consider the molecular structure. In the present article we pretend extending
the use of Markov chain models to define novel molecular descriptors, which consider in addition to molecular structure other
parameters like target site or toxic effect. Specifically, this molecular descriptor takes into consideration not only the molecular struc-
ture but the specific system the drug affects too. Herein, it is developed a general Markov model that describes 39 different drugs side
effects grouped in 11 affected systems for 301 drugs, being 686 cases finally. The data was processed by linear discriminant analysis
(LDA) classifying drugs according to their specific side effects, forward stepwise was fixed as strategy for variables selection. The
average percentage of good classification and number of compounds used in the training/predicting sets were 100/100% for systemic
phenomena (47 out of 47)/(12 out of 12) and metabolic (18 out of 18)/(5 out of 5), muscular–skeletal (23 out of 23)/(6 out of 6) and
neurological manifestations (33 out of 33)/(8 out of 8); 97.6/96.7% for cardiovascular manifestation (122 out of 125)/(30 out of 31);
97.1/97.5% for breathing manifestations (34 out of 35)/(8 out of 9); 97/99.4% for gastrointestinal manifestations (159 out of 164)/(40
out of 41); 97/95% for endocrine manifestations (32 out of 33)/(7 out of 8); 96.4/94.6% for psychiatric manifestations (53 out of 55)/
(13 out of 14); 95.1/99.1% for hematological manifestations (98 out of 103)/(25 out of 26) and 88/92.3% for dermal manifestations
(44 out of 50)/(12 out of 13). In addition, we report preliminary experimental reversible decrease of lymphocytes differential count
after administration of the antibacterial drug G-1 in mice, which coincide with a posterior probability (P% = 74.91) predicted by the
model. This article develops a model that encompasses a large number of side effects grouped in specific organ systems in a single
stochastic framework for the first time.
� 2004 Elsevier Ltd. All rights reserved.
1. Introduction

At present there are more than 15 million chemical com-
pounds that have been discovered or synthesized in
chemical laboratories. A great quantity of these com-
pounds have not found pharmacological or agrochemi-
cal applications yet. This is a consequence of the
difference that exists between the rate at which novel
chemical are discovered each year and the number of
compounds that can be tested in chemical or pharmaco-
logical assays. These kinds of assays, specially pharma-
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cological and toxicological ones, are in general
expensive and time consuming. However, novel para-
digms for drug discovery have been introduced recently,
based on the ability of large chemical libraries and
robotic system for bioassays. This system of high-
throughput biochemical assays allow for the synthesis
and testing of hundreds of compounds each day.1

During last year, the pharmaceutical industries have
reoriented their research strategies in order to give more
attention to those methods that permit the �rational�
selection or design of novel compounds with the desired
properties.2–4 In this sense, quantitative structure–toxic-
ity relationships (QSTRs) are used as predictive tools for
a preliminary evaluation of the hazard of chemical
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compounds by using computer aided models.5–10 These
theoretical models represent an alternative to the �real�
world of assaying chemical compounds for determining
their toxicological properties on live organisms in the
laboratory avoiding the expensive, time-consuming
and in many cases animal aggressive bioassays, which
are now made only after preliminary predictions with
computational models.11–16

In general, González and co-workers, have recently dis-
cussed that QSTR studies can be applied to congeneric
and noncongeneric data sets of compounds. The first
permits the understanding of specific toxicological
mechanism of action for molecules structurally related
as well as to identify the different toxicological power
of groups or substituents in such chemicals. On the
other hand, the use of QSTR models for noncongeneric
data sets permits the generalization of such mechanism
to structurally diverse compounds as well as the identi-
fication of possible toxicophores of different structural
nature.17–20

On the other hand, Markov models are well-known
tools for characterizing biomolecules structure. Markov
models have been used for analyzing biological sequence
data and they have been used to find new genes from the
open reading frames.21,22 Another use of these models is
data-based searching and multiple sequence alignment
of protein families and protein domains. Protein turn
types and sub-cellular locations have been successfully
predicted.23–26 Hubbard and Park27 used amino acid se-
quence-based hidden Markov models to predict second-
ary structures. In this sense, Krogh et al.23 have also
proposed a hidden Markov model architecture. In addi-
tion, Markov�s stochastic process has been used for pro-
tein folding recognition.28 This approach can also be
used for the prediction of protein signal sequences.29,30

Another seminar works can be found related to the
application of Markov chain theory to proteomic and
bioinformatics. Chou applied Markov models to predict
beta turns and their types, and the prediction of protein
cleavage sites by HIV protease.31–34 Anyhow, have not
been very used Markov models to develop QSTR stud-
ies and predict drugs side effect.

In this connection, our group has introduced elsewhere
a physically meaningful Markov model (Markovian
Chemicals In Silico Design: MARCH-INSIDE) encod-
ing molecular backbones information, with several
applications in bioorganic medicinal chemistry. It
allowed us to introduce matrix invariants such as sto-
chastic entropies and spectral moments for the study
of molecular properties. Specifically, the stochastic spec-
tral moments introduced by our group have been largely
used for small molecules QSAR problems including
design of fluckicidal, anticancer and antihypertensive
drugs. Applications to macromolecules have been
restricted to the field of RNA without applications to
proteins.35–40 In addition, the entropy like molecular
descriptors has demonstrated flexibility in many bioor-
ganic and medicinal chemistry problems such as: estima-
tion of anticoccidial activity, modeling the interaction
between drugs and HIV-packaging-region RNA, and
predicting proteins and virus activity.41–46 In the field
of QSTR our group has reported the first model to pre-
dict chemically-induced agranulocytocis by small-to-
medium sized drug like molecules.47

However, in spite of several QSTR studies reported
there have not been seriously studied almost drug side
effects. Unfortunately, more than 1500 molecular
descriptors reported have not only been applied to study
drug side effects but have very disperse theoretical defi-
nition and sometimes not very well-established physical
definition. Consequently, it becomes a forefront prob-
lem applying molecular descriptors to drugs side effect
study but at the same time represent them in unified
mathematical framework giving better opportunities
for physicochemical interpretation.48 In the current
paper we attempt to develop a more serious physico-
chemical interpretation of the MARCH-INSIDE
descriptors in thermodynamic terms, which allow us to
contrast the relationship among these descriptors and
topologic, flexibility, and quadratic molecular descrip-
tors.49 These new interpretations allow us to build up
a molecular thermodynamic basis in free energy terms50

for predicting how likely given drugs cause a specific side
effect with respect to others side effects. This approach is
able to take into consideration not only the molecular
structure of the drug but the specific system the drug af-
fects too. In particular it will be possible to correlate
more than one property at a time, in our case, drugs side
effects, making it superior against most of molecular
descriptors, which simply permit to correlate no more
than one property at a time, this advantage may be
appropriately used in preliminary pharmacological or
toxicological studies, especially for comparative studies
in early stages of drug development. This study model
a noncongeneric data set of 301 drugs of diverse
molecular structure involved in 39 different side effects
grouped in 11 affected systems, being 686 cases finally.
2. Methods

2.1. Markov thermodynamics for drug-target step-by-step
interaction

We will consider a hypothetical situation in which a
drug molecule is free in the space at an arbitrary initial
time (t0). It is then interesting to develop a simple sto-
chastic model for a step-by-step interaction between
the atoms of a drug molecule and a molecular receptor
in the time on the induction of a side effect. For the sake
of simplicity, we are going to consider from now on a
general structureless receptor. Understanding as struc-
tureless molecular receptor a model of receptor which
chemical structure it is not taken into consideration.
The initial free energy of the drug–receptor interaction
(0gj) is a state function so a reversible process of interac-
tion may be came apart on several elemental interactions
between the j-th atom and the receptor.50 Afterwards,
interaction continues and we have to define the free en-
ergy of interaction between the j-th atom and the recep-
tor given that i-th atom has been interacted at a previous
time tk (

kgij). In particular, immediately after the first



Figure 1. Stochastic drug-target step-by-step interaction.
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interaction (t0 = 0) takes place an interaction
1gij at the

time t1 = 1 and so on. So, one can suppose that, atoms
begin its interaction with the structureless molecular
receptor binding to this receptor in discrete intervals
of time tk. However, there are several alternative ways
in which such step-by-step binding processes may occur.
Figure 1 illustrates this idea.

The free energy 0gj will be considered here as a function
of the absolute temperature of the system and the equi-
librium local constant of interaction between the j-th
atom and the receptor (0Cj).

50 Additionally, the energy
1gij can be defined by analogy as Cij:
0gj ¼ R � T � log 0Cj ð1Þ
1gij ¼ R � T � log 1Cij ð2Þ

The present approach to drug–receptor interaction has
two main drawbacks. The first is the difficulty on the
definition of the constants. In this work, we solve the
first question estimating kj as the rate of occurrence
(nj) of the j-th atom on molecules inducing the effect un-
der study by molecule–receptor interaction with respect
to the number of atoms in the molecule (n). With respect
to 1Cij we must take into consideration that once
the j-th atom have interacted the preferred candidates
for the next interaction are such i-th atoms bound to
j by a chemical bond. Both constants can be then
written down as:
0Cj ¼
nj
n
¼ e

0gj
R�T ð3Þ
1Cij ¼ aij �
nj
n
¼ e

1gij
R�T ð4Þ
where, aij are the elements of the atom adjacency matrix,
nj, n,

0gj, and
1gij have been defined in the paragraph

above, R is the gases constant, and T the absolute tem-
perature. The second problem relates to the description
of the interaction process at higher times tk > t1. There-
fore, a Markov chain model (MC)35–40 enables a simple
calculation of the probabilities with which the drug–
receptor interaction takes place in the time until the
studied effect is achieved. In this work we are going to
focus on drugs side effects. As depicted in Figure 1, this
model deals with the calculation of the probabilities
(kpij) with which any arbitrary molecular atom j-th bind
to the structureless molecular receptor given that other
atom i-th has been bound before; along discrete time
periods tk (k = 1,2,3,. . .); (k = 1 in gray), (k = 2 in blue),
and (k = 3 in red) throughout the chemical bonding
system.

The procedure described here considers as states of the
MC the atoms of the molecule. The method arranges
all the 0Cj values in a vector (C) and all the

1Cij constants
as a squared table of n · n dimension. After normaliza-
tion of both the vector and the matrix we can built up
the corresponding absolute initial probability vector u
and the stochastic matrix 1P, which has the elements
Ap0(j) and

1pij, respectively. The elements
Ap0(j) of the

above mentioned vector u constitutes the absolute prob-
abilities with which the j-th atom interact with the recep-
tor at the initial time with respect to any atom in the
molecule:
Ap0ðjÞ ¼
0Cj

Pm

a¼1
0Ca

¼
nj
n

Pm

a¼1

na
n

¼
1
n � nj

1
n �

Pm

a¼1
na

¼ nj
Pm

a¼1
na

ð5Þ
where, m represents all the atoms in the molecule includ-
ing the j-th, na is the rate of occurrence of any atom a
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including the j-th with value nj. On the other hand, the
matrix is called the one-step drug-target interaction sto-
chastic matrix. 1P is built too as a squared table of order
n, where n represents the number of atoms in the mole-
cule. The elements (1pij) of the one-step drug-target
interaction stochastic matrix are the binding probabili-
ties with which a j-th atom bind to a structureless mole-
cular receptor given that other i-th atoms have been
interacted before at time t1 = 1 (considering t0 = 0):
Figure

denote
1pij ¼
1Cij

Pdþ1

k¼1
1Cik

¼
aij � njn

Pdþ1

k¼1
aik � nkn

¼
1
n � aij � nj

1
n �

Pdþ1

k¼1
aik � nk

¼ aij � nj
Pdþ1

k¼1
aik � nk

ð6Þ
where, d is the valence of the j-th atom. The calculation
of u and 1P is illustrated in Figure 2. By using, both u
and 1P and Chapman–Kolgomorov equations one can
describe the further evolution of the system, determining
2. Definition and calculation of P1 matrix for a specific compound

the value of the rate of recurrence [i.e., Cl represents the rate of recu
the average constant of interaction between the j-th
atom and the receptor at higher times. Summing up all
the constants of interaction for each atom we can derive
the stochastic molecular average constant of interaction
(kCM) between the drug and the receptor at a specific
time:
in three

rrence
kCM ¼ u � kP � C ¼ u � 1P
� �k � C ¼

Xn

j¼1

kCj

¼
Xn

j¼1

ApkðjÞ � 0Cj ð7Þ
Such a model is stochastic per se (probabilistic step-by-
step atom–receptor interaction in time) but also consid-
ers molecular connectivity (the step-by-step atom union
in space throughout the chemical bonding system). The
selection of a Markov chain process51,52 is not arbitrary.
Due to atoms interactions are not dependent of previous
atoms interactions we can affirm that a MCH-based
model of a stochastic drug-target step-by-step interac-
tion obeys perfectly to the main characteristics of
particular cases of side effects. The element symbol is used to

(nCl) of chlorine atom for the specific side effect].
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MCH (a memoryless property). This implies that the
probability of the occurrence of an event (atom union)
does not depend on the history of the process. In other
words, such a model will not depend on previous atoms
union.

2.2. Statistical analysis

As a continuation of the previous sections, we can at-
tempt to develop a simple linear QSAR using the
MARCH-INSIDE methodology, as defined previously,
with the general formula:
SEx ¼ bþ b0 � 0CM þ b1 � 1CM þ b2 � 2CM

þ b3 � 3CM � � � þ bk � kCM ð8Þ

Here, kCM act as the molecular descriptors. We selected
linear discriminant analysis (LDA)53,54 to fit the classifi-
cation functions. The model deals with the classification
of a set of compounds with diverse side effects. A dum-
my variable (SEx) codifies the side effect studied. This
variable indicates either the presence (SEx = 1) or ab-
sence (SEx = �1) of the side effect studied. In Eq. 8, bk
represents the coefficients of the classification function,
determined by the least square method as implemented
in the LDA module of the STATISTICASTATISTICA 6.0 software
package.55 Forward stepwise was fixed as the strategy
for variable selection.53,54

The quality of LDA models was determined by examin-
ing Wilk�s U statistic, Fisher ratio (F), and the p-level
(p). We also inspected the percentage of good classifica-
tion and the ratios between the cases and variables in the
equation and variables to be explored in order to avoid
over-fitting or chance correlation. Validation of the
model was corroborated by re-substitution of cases in
four predicting series.37

Clustering of compounds was carried out after previous
perform of a canonical analysis using the algorithms
implemented in the advanced options for LDA in the
STATISTICASTATISTICA 6.0. This analysis offers as outputs the scores
of every case for successive canonical roots, which are
orthogonal centered equations explaining decreased
amounts of variance. Consequently we can plot the
scores for each compound in a Cartesian system of coor-
dinates and using a symbol code visually exploring the
possibility of clusters formations.37

2.3. Data set methodology

The data set was conformed by a set of more frequently
used drugs, which produce side effects in different
human organs systems, being these ones extensively
tested in clinic and the side effects reported obtained
by pharmacovigilance studies. The use of marketed
drugs in data set confers a high confidence about the
side effect reported. The set of drugs where extracted
from a report of drugs side effects listed in literature.56

The data set was conformed by 39 different drugs side
effects grouped in 11 affected systems for 301 drugs,
being 686 cases finally, taking into consideration that
all side effects groups were statistically represented hav-
ing each one at least seven drugs in order to perform a
balanced training series.
2.4. Laboratory animals and biological assay

Sufficient quantities of analytical grade G-1 for biologi-
cal assays were purchased from the Chemicals Bioactive
Center. Differential counting of limphocytes was carried
out as recommended in the literature.57 Balb/c mice were
selected as a biological model.58 Healthy Balb/c mice of
both sexes were purchased, along with food, from the
�Centro Nacional de Animales de Laboratorio (CEN-
PALAB)�, Cuba. Quarantine, labeling, acclimatization,
and good maintenance conditions of animals were
strictly adhered.59
3. Results and discussion

3.1. Model

Eq. 7 constitutes in mathematical terms a vector–ma-
trix–vector form. Panoply of these transformations has
been previously used in QSAR studies for a long time.
For instance, the first molecular descriptor defined in a
chemical context the Wiener index W (Eq. 9) is a qua-
dratic form.60 In addition, several other classic Zagreb
indices M1 (10) and M2 (11), Harary number H (12),
Randic invariant v (13), valence connectivity index vv

(14), the Balaban index J (15), the MTI index (16), the
global flexibility index GS (17), the Moreau–Boroto
autocorrelation ATSd (18), and the Cluj–Detour index
CJD (19), just to mention a few examples, may be ex-
pressed all of them quadratic forms. The representation
of all these indices was recently unified in the litera-
ture.61 More recently other topologic indices based on
quadratic forms as the so called quadratic indices
qk(X) (20) have been introduced by our group as well:

62
W ¼ 1

2
u � D � uT
� �

ð9Þ
M1 ¼ v � A � uT ð10Þ
M2 ¼
1

2
v � A � vT
� �

ð11Þ
H ¼ 1

2
u � D�k � uT
� �

ð12Þ
v ¼ v0 � A � v0T ð13Þ
vv ¼ v00 � A � v00T ð14Þ
J ¼ 1

2
� C � d 0 � A � d 0T� �

ð15Þ



1124 H. González-Dı́az et al. / Bioorg. Med. Chem. 13 (2005) 1119–1129
Table 1. Overall train

Side effects
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CJD ¼ 1

2
uT � D � u ð19Þ
qkðX Þ ¼ xT �M � x ð20Þ
where, D, A, D�k, mB, D, L, and M are matrices related
to distance, atom adjacency, sparse, Laplace, pseudo-
graph matrices, and others. On the other hand, u, v,
v 0, v00, w, x, and d are vectors related to unitary, vertex
degree, Randic atom degree, valence degree, atom
weight, atom electronegativity, and distance among
others. All the vectors and matrices used in expressions
(9)–(20) have been exhaustively explained in the litera-
ture reported and references therein cited, see therein
for details.

In the present work we propose to call all these molecu-
lar indices the deterministic vector–matrix–vector forms
by opposition to our stochastic forms. The main advan-
tage of the present stochastic forms is the possibility of
deriving average thermodynamic parameters depending
on the probability of the states of the MC, which fit
on more clearly physicochemical sense with respect to
curacy-validation (CV) predictability, and models f

Train

s

92.3

100

97.1

tations

a pectoris (EAP) 100

100

ion in heart inadequacy (ELRHI) 100

100

86.4

r) 100

97.6

ations

85

) 100

deficit of G6PD) (HAG6PD) 100

90

erations (PAA) 100

95.1
classic quadratic forms. In specific, this work introduces
for the first time a Markov form to calculate thermody-
namic parameters of the drug-target interaction process
considering in a unified scheme: time, chemical struc-
ture, and system including drug side effects.

Another advantage of these vector–matrix–vector forms
constitute the fact that it was not necessary considering
different rates of occurrence for atoms of the same ele-
ment but having different configuration, for example:
sp3, sp2, and sp carbons all were considered with the
same rate of occurrence for a specific side effect, the rate
of carbon atoms. It was possible due to the pij values
clearly distinguished among these atoms because of the
different connectivity (see Fig. 2). It is clear from Figure
2 that atoms with different connectivity or configuration
will have a different probability of union to the struc-
ture-less molecular receptor in spite of having the same
rate of occurrence.

Once we perform a representative and balanced training
series selection it could be used to fit the classification
functions. The models where subjected to the principle
of parsimony. Then, we chose a function with high sta-
tistical significance but having few parameters (bk

kCM)
as possible to each of 39 studied side effects.

In order to derive a classification function that permits
the classification of drugs as positive (presence of side ef-
fect) or negative (absence of side effect) we use the LDA
in which stochastic molecular average constant of inter-
action (kCM) are used as independent variables. The
classification models obtained to each studied side effect
are given below in Table 1 together with the statistical
parameters of the LDA, validations of the current
model by re-substitution of cases in four predicting
or different drugs side effects

CV Model

98.1 IL = �87.38 + 35.170CM
100 Brch = �176.69 + 50.120CM
97.5 N = 35, U = 0.114, F = 255.7

100 EAP = �112.70 + 59.900CM � 1.4214CM + 0.6891CM
100 Arr = �1862.78 + 245.410CM � 5.674CM + 2.741CM
98.9 ELRHI = �594.65 + 138.470CM � 3.214CM + 1.561CM
100 HyperT = �137.72 + 66.370CM � 1.604CM + 0.771CM
96.6 HypoT = �411.95 + 115.200CM � 2.554CM + 1.231CM
100 Thr = �315.70 + 100.720CM � 2.454CM + 1.191CM

96.8 N = 125, U = 0.003, F = 158.6

98.8 Agr = �391.15 + 149.730CM � 12.992CM + 9.391CM
100 HA = �903.99 + 227.830CM � 19.632CM + 14.201CM
100 HAG6PD = �162.71 + 96.290CM � 8.282CM + 5.981CM
100 Pan = �334.62 + 138.430CM � 11.852CM + 8.571CM
100 PAA = �640.64 + 191.500CM � 16.222CM + 11.741CM

99.1 N = 103, U = 0.012, F = 90.5



Table 1 (continued)

Side effects Train CV Model

Gastrointestinal manifestations

Constipation or ileo (CoI) 90.9 100 CoI = �41.91 + 20.780CM + 0.332CM � 0.393CM
Diarrhea or colitis (DoC) 100 100 DoC = �208.83 + 47.260CM + 0.602CM � 0.703CM
Diffuse hepatocellular Damage (DHD) 95 98.8 DHD = �93.19 + 31.410CM + 0.632CM � 0.733CM
Mouth dryness (MD) 86.7 100 MD = �65.40 + 26.190CM + 0.622CM � 0.723CM
Nausea or vomit (NoV) 100 100 NoV = �1562.42 + 129.820CM + 2.522CM � 2.953CM
Pancreatitis (Pat) 100 100 Pat = �53.90 + 23.700CM + 0.462CM � 0.533CM
Peptic or hemorrhagic ulceration (PoHU) 93.8 100 PoHU = �63.21 + 25.700CM + 0.202CM � 0.243CM

Total 97 99.4 N = 164, U = 0.002, F = 190.9

Dermal manifestations

Acne (Ac) 50 90 Ac = �212.11 + 117.620CM
Alopecia (Alp) 100 100 Alp = �1456.17 + 309.040CM
Diverse erythema (DE) 91.7 100 DE = �196.81 + 113.270CM
Photodermatitis (PhD) 100 100 PhD = �268.05 + 132.310CM
Total 88 92.3 N = 50, U = 0.004, F = 3920

Systemic phenomena

Anaphylaxis (Anph) 100 100 Anph = �46.36 + 17.290CM
Lupus erythematosus (LE) 100 100 LE = �14.43 + 9.390CM
Fever (Fv) 100 100 Fv = �133.28 + 29.550CM
Total 100 100 N = 47, U = 0.042, F = 506.1

Endocrine manifestations

Galactorrhea (amenorrhea) (Gal) 100 100 Gal = �71.25 + 41.250CM
Livid decrease and impotence (LDI) 100 100 LDI = �98.16 + 48.520CM
Thyroid function test disorders (TFTD) 88.9 94.4 TFTD = �30.62 + 26.760CM
Total 97 95 N = 33, U = 0.12, F = 110

Metabolic manifestations

Hyperglycemia (HyperG) 100 100 HyperG = �56.91 + 48.060CM
Hypopotassemia (HypoP) 100 100 HypoP = �141.22 + 75.920CM
Total 100 100 N = 18, U = 0.086, F = 170.8

Neurological manifestations

Convulsions (Cvs) 100 100 Cvs = �597.82 + 166.920CM
Extrapyramidals effects (EE) 100 100 EE = �252.34 + 108.360CM
Total 100 100 N = 33, U = 0.026, F = 1158.1

Psychiatric manifestations

Deliriums orconfusional states (DoCS) 100 100 DoCS = �211.26 + 70.90CM + 0.791CM�1.465CM
Dysfunctions of the dream (DD) 100 100 DD = �84.02 + 44.480CM + 0.281C M�0.465CM
Somnolence (Snl) 90.9 96.6 Snl = �270.26 + 80.030CM + 0.411C M�0.605CM
Total 96.4 94.6 N = 55, U = 0.04, F = 66.5

Muscular-sCeletal manifestations

Myopathy or myalgia (MoM) 100 100 MoM = �276.33 + 92.770CM � 0.495CM
Osteoporosis (Ost) 100 100 Ost = �61.14 + 43.410CM � 0.235CM

Total 100 100 N = 23, U = 0.027, F = 361.4
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series results and percents of good classification to each
model.

In the models the coefficient U is the Wilk�s statistics
(statistic for the overall discrimination is computed as
the ratio of the determinant of the within-groups vari-
ance/covariance matrix over the determinant of the total
variance/covariance matrix) and F is the Fisher ratio.
The Wilk�s U-statistic is the standard statistic that is
used to denote the statistical significance of the discrim-
inatory power of the current model.35,63 U-statistic
values range from 1.0 (no discriminatory power) to
0.0 (perfect discriminatory power).

In order to simplify the equations for the purposes of
interpretation and the possibility of graphical represen-
tation, we performed a canonical analysis64 for two sys-
tems of side effects with the only purpose to illustrate the
capability of the equations obtained to condense more
than two side effects groups in only one simple equation
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(root function) and its ability to discriminate between
several side effects groups.

For the cardiovascular manifestations side effects group
the main root obtained (root 1) proved to be a simple
equation centered to 0:

Root 1 ¼ �1:09950CM � 3:49551CM þ 3:81554CM

Root 2 ¼ �0:01800CM þ 11:81341CM � 11:17154CM

Root 3 ¼ �0:063760CM � 9:3446381CM þ 10:138764CM

ð21Þ
This canonical root presented an eigen value of 329.37
and a high regression coefficient of 0.9985, which it is
statistically significant (p-level > 0.05) explaining the
99.69% of the variance of the cases in the used data,
together with a Chi-squared statistic of 700.43. Figure
3 shows six side effects groups clearly distinguished
and discriminated in a canonical space graph.

The psychiatric manifestations side effects group was
visibly distinguished also by root 1 (main root
obtained):

Root 1 ¼ �0:996570CM � 0:552701CM þ 0:377415CM

Root 2 ¼ �0:06830CM � 10:33411CM þ 10:12945CM

ð22Þ

This canonical root presented an eigen value of 17.93
and a high regression coefficient of 0.9732, which is
statistically significant (p-level > 0.05) explaining the
94.72% of the variance of the cases in the used data, to-
gether with a Chi-squared statistic of 163.90. Figure 4
shows three side effects groups visibly distinguished
and discriminated in a canonical space graph. In both
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Figure 3. Canonical roots analysis for cardiovascular manifestations.
cases, root 2 may be used to discriminate the cases with-
in each group.

Aimed at finding some similarity with others descriptors
we could contrast our stochastic vector–matrix–
vector forms (kCM) with Toporov optimization of
correlation weights of local graph invariants named flex-
ible descriptors65–69 (do not confuse with flexibility
descriptors). In this sense, both descriptors take into
consideration more than one parameter. In flexible
descriptors case, it is taken into consideration the ab-
stract parameters (weights), which can be optimized in
function of the pursued objectives. On the other hand,
the parameters our molecular descriptors take into
consideration cannot be optimized, but have a direct
physicochemical interpretation, such aspects have been
analyzed in previous paragraphs of the methods section.

3.2. Experimental corroboration of some theoretic pre-
dictions for G-1 (2-bromo-5-[2-bromo-2-nitrovinyl] furan)

Finally, in order to exemplify the use of the classification
functions obtained we decided to use G-1 in testing
experimentally the ability to induce a specific side effect
(pancytopenia). Maximum changes in blood, particu-
larly the depletion of lymphocytes related with the dose
is a fundamental point to arrive to conclusions in this as-
say. Experiments carried out in mice using as criteria the
lymphocytes count provide evidences of occurrence of
pancytopenia, reversible in a short time in groups trea-
ted with G-1 (as compared to control groups) when
the time of administration and doses was varied (see Ta-
ble 2) a very important parameter for the detection of
drug induced blood dyscracias.70,71 Statistically signifi-
cant differences in the lymphocytes count could be
detected after treatment with different doses of G-1 at
oot  2
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Table 2. kCM Calculation, hematological manifestations theoretical predictions, and differential count of lymphocytes at different times and doses in

mouse for G-1, vehicle, positive control, and negative control solutions

O
Br

NO2

Br

Theoretical predictions for G-1

Hematological manifestations Molecular indices for G-1

0CM
1CM

2CM Obs. Class.a Pred. Class.a Probability

Hemolytic anemia –– 1 1.0000

(in deficit of G6DP) (HAG6PD) 3.00 15.39 11.62

Hemolytic anemia (HA) 7.11 35.77 26.81 –– 0 0.0001

Platelet aggregation –– 0 0.0606

Alterations (PAA) 5.98 31.37 23.75

Agranulocytosis (Agr) 4.20 20.76 15.61 –– 0 0.0001

Pancytopenia (Pan) 4.17 20.70 15.70 1 1 0.7491

Experimental corroboration (control groups)

Time (h) 48 72 96

Doses (mg/kg) DU/L%c

Migliol (0 mg/kg of G1) 0.78 ± 0.077 0.76 ± 0.04 0.74 ± 0.077

Negative (0 mg/kg of G1) 0.78 ± 0.04 0.78 ± 0.04 0.78 ± 0.04

Experimental corroboration (groups treated with G-1)

Time (h) 48 72 96

Doses (mg/kg) D U/L%b

185.6 0.62 ± 0.02 0.75 ± 0.05 0.78 ± 0.02

61.8 0.61 ± 0.27 0.78 ± 0.02 0.85 ± 0.27

23.4 0.64 ± 0.19 0.80 ± 0.07 0.81 ± 0.07

12.3 0.69 ± 0.09 0.78 ± 0.01 0.75 ± 0.08

9.8 0.72 ± 0.1 0.71 ± 0.12 0.82 ± 0.03

a The value is 1 when it was experimentally corroborated the specific side effect for G-1; 0 when G-1 it was not detected such effect, and––when it has

not been experimentally studied yet.
b Difference (arithmetic mean for the respective group) between the lymphocytes count after treatment U/L (after) with respect to lymphocytes count

before the treatment U/L (before) in units (cells) per liter, that is, DU/L% = [U/L (after) � U/L (before)] · 100.
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Figure 4. Canonical roots analysis for psychiatric manifestations.
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the 0.05 p-level by means of a dependent pairwise
student test.59 Additionally, the posterior probability
predicted for G-1 (P% = 74.91) coincides with the exper-
imental results. An example of theoretical predictions
and kCM calculations of G-1 for a specific system is
shown in Table 2.
4. Concluding remarks

The fusion of high throughput screening and QSAR/
QSTR35–47 techniques in attempt to minimize the costs
in terms of time, financial, human, and animal resources
is becoming a viable alternative to massive screening.
The results described here (high percentages of good
classification in training and predicting set as well as
experimental corroboration results) have demonstrated
that MARCH-INSIDE methodology encode molecular
backbones information, with several applications in bio-
organic medicinal chemistry. Specifically, stochastic
molecular average constant of interaction (kCM) is able
to provide a physicochemical direct interpretation for
drug-target step-by-step interaction taking into consid-
eration not only the molecular structure of the drug
but the specific system the drug affects too. In particular,
thru this molecular descriptor will be possible correlate
more than one property at time (in our case, drugs side
effects) having a more serious physicochemical interpre-
tation in thermodynamic terms. This fact makes the
present descriptors superior weigh against most of
molecular descriptors, which correlate no more than
one property at a time.72 This advantage may be appro-
priately used in preliminary pharmacological or toxico-
logical studies, especially for comparative studies in
drug development early stages.
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